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ABSTRACT: Starch is used in food-and non-food applications as a renewable and degradable source of carbon and ener-
gy. Insight into the chemical detail of starch 
degradation remains challenging as the starch 
constituents amylose and amylopectin are ho-
mopolymers. We show that considerable molec-
ular detail of starch fragmentation can be ob-
tained from multivariate analysis of spectral 
features in optimized 1H-13C NMR spectroscopy 
of starch fragments to identify relevant features 
that distinguish processes in starch utilization. 
As a case study, we compare the profiles of starch fragments in commercial beer samples. Spectroscopic profiles of homo-
oligomeric starch fragments can be excellent indicators of process conditions. In addition, differences in the structure and 
composition of starch fragments have predictive value for downstream process output such as ethanol production from 
starch. Thus, high-resolution 1H-13C NMR spectroscopic profiles of homooligomeric fragment mixtures in conjunction 
with chemometric methods provide a useful addition to the analytical chemistry toolbox of biotechnological starch utili-
zation.   
Starch from cereals represents the major source of en-
ergy in the human diet and has gained additional atten-
tion as a source for renewable energy and materials.1-6 For 
its use in biocatalytic and chemocataytic processes, starch 
often needs to be degraded. In the degradation process of 
starch and other polysaccharides, chemical detail on deg-
radation reactions is often hard to obtain especially for 
homopolymers. Hence, analytical challenges remain in 
characterizing (and optimizing) polysaccharide degrada-
tion processes and in the identification of limiting degra-
dation steps.  
NMR-based multicomponent analysis of systems with 
poor chemical shift resolution has been greatly alleviated 
by technological improvements7,8 that bring 13C NMR 
spectroscopy of complex mixtures at natural 13C abun-
dance into the realms of possibility.9 Due to sensitivity 
(relative to 13C NMR) and resolution gains (relative to 1H 
and 13C NMR), two-dimensional 1H-13C NMR is particularly 
well suited for complex analyses. High-field 1H-13C HSQC 
NMR spectroscopy provides particular analytical benefits 
in the discrimination of carbohydrates.10-13 1H-13C NMR 
assays may encompass targeted quantitation of smaller 
mixture components14,15 or identify structural motifs in 
unpurified and underivatized biomass substrates, particu-
larly in lignin and in carbohydrates.16  
In the study of homopolymer cleavage, the targeted 
quantitation of intermediate oligomers is less realistic 
than the analysis of spectral features indicative of differ-
ent linkages. While optimized 1H-13C NMR spectroscopy 
can resolve chemically distinct carbohydrates up to a 
degree of polymerization of approximately 4-5, the de-
pendence of the chemical shift on short-range chemical 
structure impedes the spectral resolution of longer starch 
fragments and of complex mixtures of starch fragments. 
In favorable cases, this shortcoming could be addressed 
through replacing conventional label-free NMR detection 
by the use of cosolutes.17 The rich information content of 
optimized 1H-13C NMR spectra is reflected by the detec-
tion of hundreds of resolved carbohydrate anomeric sig-
nals in plant-derived samples.18 Even in the absence of 
baseline separated signals for targeted quantitative NMR, 
spectral signatures of starch fragments should be useful to 
discriminate sample composition and to provide input for 
the statistical analysis of reaction mixtures. 
Here, we use 1H-13C HSQC spectral features and 
chemometric analysis for the study of industrial starch-
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degrading processes (Figure 1). Spectral features of the 
carbohydrate anomeric region in high-resolution 1H-13C 
HSQC spectra were expected to contain rich information 
on process parameters that affect the carbohydrate com-
position. We thus hypothesized that detailed information 
on industrial processes using polysaccharide substrates 
can be obtained using NMR spectra of product samples. 
Spectral features may classify samples by process condi-
tions, reflect enzyme use in the production process, re-
port on limits of biodegradation or process robustness.19,20 
In addition, starch degradation might be correlated to 
quantitative process outcomes such as alcohol formation 
from starch substrate. In order to assess the use of NMR 
spectroscopy in the analytical chemistry of starch degrad-
ing processes, we thus obtain 1H-13C HSQC NMR spectra 
of the anomeric spectral region in 45 commercially pro-
duced beer samples and subject them to multivariate 
analysis.  
Figure 1. (A) 1H NMR spectral region of the α-anomeric 
carbohydrate signals in commercial beer samples. Except for 
few outliers, the spectral region is poorly resolved. (B) Multi-
variate analysis of spectral regions in 1H-13C HSQC informa-
tive on starch structure is therefore used herein. 
 
Experimental Section 
Sample preparation 
As representatives of starch-derived biotechnological 
products, a total of 45 commercially available beers were 
bought from local super markets. The samples encom-
passed 3 lambic beers spontaneously fermented by wild 
yeasts and bacteria as well as 15 ale and 27 lager beers 
fermented by cultivated yeasts. The alcohol content of the 
beers ranged from 0-12%. For one of the samples, replica 
were purchased with best before dates that were different 
by at least one month to assess the robustness and repro-
ducibility in production. Samples were prepared by trans-
ferring 1 ml of commercial product into an Eppendorf 1.5 
ml safe-lock tube and weighing the transferred sample on 
a microbalance to obtain accurate volumes of samples. 
Samples were condensed in a centrifugal evaporator and 
the non-volatile residue containing all carbohydrates was 
redissolved in 600 µl of 100 mM phosphate buffer (pH 
7.0) in D2O (Cambridge isotopes, Tewksbury, MA, USA). 
Potassium phosphate buffer in D2O was prepared from 
potassium dihydrogen phosphate (Sigma-Aldrich, Ando-
ver, MO, USA) and dipotassium hydrogen phosphate 
(Sigma-Aldrich) stock solutions of 100 mM. Buffer was 
freeze-dried prior to redissolution in D2O to yield 100 mM 
deuterated buffer. A buffer of 100 mM concentration was 
chosen as increased salt concentration elicits a sensitivity 
penalty (lower signal to noise ratio) on NMR systems 
using cryogenically cooled detection probes. 
 
NMR spectroscopy 
The entire volume of 600 µl per sample was transferred 
to 5 mm NMR sample tubes. 1H-13C HSQC spectra of 45 
starch-derived samples were acquired at 313 K on a Bruker 
(Fällanden) Avance II 800 spectrometer operating at a 13C 
frequency of 200.9 MHz and equipped with a 18.7 Tesla 
magnet (Oxford instruments, Abingdon, UK) and a 5 mm 
TCI cryoprobe (Bruker). 1H-13C HSQC spectra were ac-
quired using a standard Bruker pulse sequence 
(hsqcetgpsi) with coherence selection by pulsed field 
gradients and sensitivity enhancement. INEPT transfer 
times were optimised for 1JCH scalar coupling of anomeric 
1H-13C groups with a one-bond coupling on the order of 
165 Hz. A data matrix of 512 × 256 complex data points 
was used to sample acquisition times of 160 times and 319 
milliseconds in the 1H and 13C dimensions, respectively. 
Per increment, 4 transients were accumulated with an 
inter-scan relaxation delay of one second. The spectral 
width in both dimensions was 4 ppm. The resultant total 
acquisition time per spectra was 46 minutes, comparable 
to conventional chromatographic runs. Positive projec-
tions of F1 were used to generate 13C spectra. Examples of 
the resultant spectra are shown in Figure 1B, indicating 
high signal-to-noise ratio due to the measurements of 
anomeric signals as sharp lines and due to the use of 
high-sensitivity NMR equipment. Additional optimization 
of experimental time or signal-to-noise could include the 
use of non-uniform sampling schemes or the use of rapid 
pulsing NMR methods, but was beyond the scope of this 
study. In addition to 1H-13C HSQC acquired in this man-
ner, one-dimensional 1H NMR spectra were acquired by 
sampling 16384 complex data points during an acquisition 
time of 1.28 seconds with water suppression by presatura-
tion and composite pulse.21  
 
Data analysis 
All NMR spectra were acquired and processed in Bruker 
Topspin 2.1. Processing was performed with extensive 
zero filling (to 4096 and 1024 points in the 1H and 13C 
dimensions, respectively) in both dimensions using a 
shifted squared sine-bell apodization function. Projec-
tions of selected spectral regions in the HSQC were pro-
duced by producing projections in the 1H chemical shift 
range of 5.50 to 5.30 ppm containing α-1,4 glucopyranosyl 
linkages, projections in the 1H chemical shift range of 5.04 
Page 2 of 8
ACS Paragon Plus Environment
Analytical Chemistry
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60
 3
to 4.95 ppm containing α-1,6 glucopyranosyl linkages, and 
projections across the entire anomeric spectral region 
(5.50-4.40 ppm). 
Multivariate data analysis techniques were used to ex-
amine the carbohydrate profile of ale and lager samples in 
more detail. An orthogonal partial least squares discrimi-
nant analysis22 (OPLS-DA) model was developed on the 
HSQC-derived projections in SIMCA23 14 (MKS-Umetrics, 
Umeå, Sweden). In addition, partial least squares regres-
sion (PLSR) was performed on the percentage ethanol by 
volume also in SIMCA 14 (MKS-Umetrics). The spectral 
data were normalized to total spectral intensity to ac-
count for differences in sample concentration and inter-
spectral variability. Prior to multivariate modeling, the 
spectra were autoscaled and cross-validated using seg-
mented cross-validation using 4 splits. Models were fur-
thermore tested for validity by 100-fold permutation tests, 
in which the response variables (sample class or percent-
age ethanol by volume) were randomly assigned.  Nota-
bly, the multivariate approach does not require spectral 
signals to be quantitative on an absolute scale, which is 
beneficial as congested HSQC spectra are not easily made 
absolutely quantitative. 
 
 
 
 
 
Results & discussion 
 
Deciphering the chemical detail of starch fragment 
composition remains a challenge in the analytical chemis-
try of foods and of other processes using starch as the 
substrate. The analytical challenge in analyzing heteroge-
neous mixtures of maltooligosaccharides and branched 
oligosaccharides (α-limit dextrins) by conventional 1H 
NMR is signified by the spectra displayed in Figure 1A of 
the sample set studied herein. The starch fragments ap-
pear as broad and congested signals even in high-field 
(800 MHz) cryo-probe NMR. Glycosidic bond signals of 
α-(1-6)-glucopyranosyl units, for instance, fall within a 1H 
chemical shift range little larger than 0.01 ppm. The main 
component of starch is the α-(1-6)-branched glucan amy-
lopectin. The limited accessibility of degrading enzymes 
to α-(1-4) glycosidic bonds in the vicinity of α-(1-6) 
branch points leaves heterogeneous mixtures of short 
maltooligosaccharides and branched oligosaccharides (α-
limit dextrins) as the primary unused remnants upon 
biocatalytic starch hydrolysis.24,25  
Shortcomings in the analysis of carbohydrates by 1H 
NMR such as the minute chemical shift dispersion and 
the overlap of the anomeric spectral region with residual 
water solvent signal were addressed by resorting to 1H-13C 
NMR spectroscopy (Figure 1B). 13C provides a chemical 
shift dispersion that is approximately 20 times larger than 
for 1H. Accordingly, several spectral features get resolved 
in 1H-13C NMR as compared to 1H NMR. Optimized (nar-
row sweep-width) 1H-13C NMR spectra for two representa-
tive samples are shown in Figure 2, yielding a significant 
number of signals from anomeric CH groups. Even when 
using high-resolution twodimensional NMR spectra on a 
high-field instrument, signals from starch fragments re-
main overlapped to a certain degree due to the sensitivity 
of the NMR chemical shift on local structures. Hence, 
multivariate, non-targeted approaches that do not require 
absolutely quantitative NMR data were pursued in the 
statistical analysis of the starch fragment composition as 
described below. Assignments of structural motives of 
starch fragments to the overlapped signals were previous-
ly established with in situ NMR assignments and through 
the use of chemically synthesized pure reference stand-
ards. 26-28  
Due to the minimal resolution of signals along the 1H 
NMR dimension, spectral projections of select regions of 
the 1H-13C NMR spectra onto the 13C dimension were used 
rather than two-dimensional signals. 1H-13C NMR was 
thus principally used to gain approximately 30-fold sensi-
tivity relative to one-dimensional 13C NMR while high 
resolution in the 13C dimension was achieved by extensive 
spectral aliasing, employing a spectral width of 4 ppm 
around the most informative spectral region, the anomer-
ic region containing α-glucosidic bonds (97.7-101.7 ppm). 
In this manner, 1H-13C NMR yields signals of the anomeric 
CH groups with high resolution in the 13C spectral dimen-
sion and with significantly improved peak signal to noise 
ratio relative to one-dimensional 13C NMR spectra and 
relative to 1H-13C NMR spectra sampling larger sweep 
widths during the same experiment time.  
Projections of the α-(1-6) branch point region for the 
set of 45 samples as displayed in Figure 3 show that signif-
icant variation in the composition and structural motifs 
present in branched starch fragment mixtures can be 
detected with 13C NMR spectra information at sufficient 
signal-to-noise ratios.  
 
 Figure 2. Representative 1H-13C NMR spectra of lager (left) 
and ale (right) beer samples recorded with a 4 ppm spectral 
width in 46 minutes, on a timescale that is comparable to 
typical chromatographic runs. Some of the major identified 
signals of starch fragments are labelled. The α-(1-
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6)glucopyraosyl signals are highlighted in blue, while α-(1-
4)glucopyraosyl signals are shown in dark green. In the 
schematic pictograms of limit dextrins, horizontal lines indi-
cate α-(1-4) linkages, vertical lines indicate α-(1-6) linkages, 
circles indicate glucopyranosyl units and filled circles indi-
cate the structural motif yielding the 1H-13C signal. 
Gn=maltooligosaccharides of length n, Ara=arabinose, 
Glc=glucose, Nig=nigerose, Tre=trehalose. 
Figure 3. 13C spectral region of α(1-6)glucopyraosyl region as 
a projection from high-resolution 1H-13C HSQC spectra be-
tween 5.04 ppm and 4.95 ppm. Corresponding structural 
motifs in branched starch fragments are displayed with α(1-
6) glycosidic linkages as vertical lines and α(1-4) glycosidic 
linkages as horizontal lines. Spectral projections reveal a 
range of differences in limit dextrin composition between the 
samples.  
In order to show that spectral features reflect different 
production sites (and hence different enzyme and raw 
material usage) and the use of different production proto-
cols, spectra from different producers and spectra using 
different production strains (in this instance spontane-
ously fermented Lambic beers using wild yeasts, top-
fermented ale beers using Saccharomyces cerevisiae and 
bottom-fermented lager beers using Saccharomyces pas-
torianus at low temperatures) were grouped in Figure 4. 
This grouping indicates that different sample classes may 
be identifiable from 13C NMR spectral information even by 
simple inspection. The differences in  
Figure 4. Raw classification of 1H-13C NMR projections in the 
α(1-6) glucopyraosyl spectral region of branched (limit dex-
trin) starch fragments as shown in Figure 2. Spectra of 3 
lambic beers, 6 diverse ale beers and samples from two spe-
cific beer producers (3 ale samples for producer 1 and 4 lager 
samples of producer 2) are extracted from the bulk of sam-
ples, indicating that sufficiently highly resolved 1H-13C NMR 
spectral features of starch degradation products may be 
useful to spot different producers and different production 
conditions even without in-depth chemometric analysis. 
composition and the varying structural motifs present 
after biocatalytic treatment are for instance evident by the 
conversion of complex limit dextrin structures to pruned 
branch points in some samples (indicated by arrow sin 
Figure 4).  
Such degradation of complex limit dextrin structures 
results from the exhaustive cleavage of α-(1-4) glycosidic 
bonds in the vicinity of α-(1-6) branch points, presumably 
due to extensive use of enzymes in order to increase the 
degree of fermentation. The purpose of such enzymatic 
cleavage is the production of fermentable carbohydrates. 
The optimized, reproducible conversion of starch to fer-
mentable substrates and their actual conversion by fer-
mentation were assessed by comparing products from one 
selected producer but from different brews (different best 
before dates). Resultant profiles of starch fragments are 
displayed in Figure 5. The comparison of different end 
product batches indicates that starch cleavage to limit 
dextrins is a process that is well controllable during bio-
technological production, yielding only minor inter-batch 
variation of α-(1-6)-branch point signals. In contrast, the 
production and fermentative usage of small linear oligo-
saccharides appears to be less consistent in the example 
of Figure 5, possibly due to poorer control, longer time 
frame and use of living organisms in the fermentation 
compared to the mashing process. To further study the 
effect of different production protocols, spectral projec-
tions of the 1H-13C NMR spectra onto the 13C dimension 
were analyzed by multivariate analysis. The richness of 
spectral information in the complex carbohydrate spectral 
regions calls for multivariate approaches to simplify the 
analysis of larger sample sets and to identify nonobvious 
distinctive features in the samples.19,20 Therefore, chemo-
metric approaches were pursued to extract information 
from the overlapped spectral features of starch fragments. 
A similar approach was previously taken in the analysis of 
cell walls from different 1H-13C NMR spectral features of 
lignin compounds.29 Opposite to lignin, which is a heter-
opolymer containing various crosslinks between different 
phenolic monomers, the chemical shift dispersion in the 
α-glucopyranosyl containing 
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Figure 5. Comparison of identical products from the same 
producer, but from different batches (different best before 
dates), indicating that the variance in short malto-
oligosaccharide structures is larger than the variance in limit 
dextrin composition. 
fragments of homopolymeric amylose and amylopectin is 
substantially smaller, thus posing distinctive challenges to 
methodology used for the analysis of polysaccharide link-
ages as compared to analysis of lignin linkages.  
In the present study, spectral projections in the 13C di-
mension were used rather than two-dimensional signals 
to study the difference in starch fragments between sam-
ples using different types of yeasts in production. The use 
of projections from informative spectral regions of the 2D 
spectrum permits the use of well-established multivariate 
analysis methods for one-dimensional spectral data. The 
projections were used for generating an OPLS-DA model 
capable of classification of samples into lager and ale beer 
types (Figure 6, Supporting Figure S2). For interpretation, 
the OPLS-DA loadings were back-scaled and each varia-
ble was plotted with a color corresponding to its weight 
(Figure 6B).30 Ale samples were found to have increased 
levels of the unfermentable disaccharide nigerose (3-O-α-
D-glucopyranosyl-D-glucose; Figure 6B). Differences 
between sample types as identified by OPLS-DA were 
mostly related to α-(1-6) glycosidic linkages in starch 
fragments (Figure 6B). Ale samples had increased levels of 
complex limit dextrins, whereas lager samples had in-
creased levels of shorter limit dextrins. The OPLS-DA 
model improves slightly by using spectral features over 
the entire anomeric carbohydrate region rather than just 
those of starch fragments, thus underlining some contri-
bution of signals from smaller sugars in the distinction of 
different production conditions. 
As spectral signatures of carbohydrates can be used to 
accurately classify production conditions (Figure 6A), we 
assessed the predictive value of carbohydrate profiles for 
percentage ethanol by volume in the samples. Ethanol 
content is used as a reliably quantifiable parameter to 
showcase the prediction of chemical production from 
feedstock structure with high-resolution NMR data. Sam-
ples with low or high ethanol concentration were exclud-
ed from the sample set prior to modeling, as additional 
processing may be taken to reach these levels of alcohol 
(see supplemental figure S1 for the full data set). Partial 
least squares regression (PLSR) was thus performed on 27 
samples, without the extreme values of percentage etha-
nol by volume, using percentage ethanol by volume as 
indicated on the product label and spectral projections of 
the full anomeric region of starch fragments (range 101-
98.3 ppm) in the 13C dimension (Figure 7). Three PLS 
components were used and the model were validated 
using segmented cross-validation using 4 splits. Also the 
PLSR model was tested for validity using 100-fold permu-
tation tests (Supporting Figure S3).  
 
 
 
 
Figure 6. OPLS-DA model on spectral features of starch fragments (13C projections in the range 98.3-101.0 ppm of 1H-13C spectra 
of ale and lager). Coefficient of determination (R2)=0.67 Q2=0.60. A) OPLS-DA scores plot of lager (red) and ale (blue) samples. 
B) S-line plot. 
 
Table 1: The important spectral features by Variable Im-
portance in Projection (VIP) and their regression coefficients 
of the PLS regression model shown in Figure 7. Number of 
PLS components: 3. Coefficient of determination (R2)=0.67, 
Q2=0.62. RMSECV: 0.53 
13C δ, ppm Assignment VIP1 reg coef2 
100.52  1.88 -0.01 
100.36 
maltooligosaccha-
ride 
1.98 0.02 
99.54  1.90 0.02 
99.51  1.98 -0.02 
99.45  1.85 -0.02 
99.40  1.72 -0.02 
99.37  1.70 0.02 
99.31  1.86 0.02 
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98.77  1.69 -0.01 
1variable importance in projection 
2regression coefficient of variable 
 
The regression coefficients shown in Table 1 indicated 
some spectral features important in the prediction of 
percentage ethanol by volume, mostly α-(1-6) glycosidic 
linkages in starch fragments. Correlation coefficients 
showed that various carbohydrates contribute to the pre-
diction of percentage ethanol by volume. The consistent 
correlation of percentage ethanol by volume with starch 
fragment profiles thus may reflect the use of comparable 
methods for controlling percentage ethanol by volume by 
different producers. Including high- and low-alcohol 
samples in the model reduces the multiple correlation 
coefficient R2 from 0.67 to 0.45 and the criterion for pre-
dictive relevance (Q2) from 0.62 to 0.15. This decrease in 
the predictive power of the model is consistent with the 
use of additional means beyond starch usage for control-
ling extreme values of percentage ethanol by volume, 
such as high-gravity fermentation and the removal or 
addition of alcohol by various means.  More generally, 
correlation of 1H-13C NMR data of starch fragments to 
other chemical composition may thus facilitate the identi-
fication of post-process sample modification or the use of 
suboptimal production conditions in various chemocata-
lytic and biotechnological processes. 
 
 
 
  
 
Figure 7. PLS regression on beer samples with percentage 
ethanol by volume in the range 4.4-7.5% (n=27). Actual ver-
sus predicted alcohol percentages are plotted using remain-
ing starch fragments as the predictive spectral features (13C 
projections in the spectra region from 98.3-101.0 ppm). Num-
ber of PLS components: 3. Coefficient of determination 
(R2)=0.67, Q2=0.62. RMSECV: 0.53. 
 
Conclusion 
1H-13C NMR spectroscopy has gained popularity in the 
analysis of complex mixtures due to high signal separa-
tion, potentially resolving >105 individual signals for small 
analytes with narrow line widths relative to the chemical 
shift range. Due to this analytical prowess, 1H-13C NMR 
spectroscopy emerges as a method for the non-targeted 
characterization of complex mixtures of renewable bio-
mass, including lignin and polysaccharide fragments. We 
show that simple inspection and chemometric approach-
es applied to 1H-13C spectral data reveal detailed, non-
obvious information from the homooligomeric starch 
fragments produced in industrial workstreams. Starch 
fragments can be consistently correlated with known 
sample properties, specifically with production conditions 
(different temperature and microbial strains for ale and 
lager sample types, respectively) and with percentage 
ethanol by volume. While 1H NMR had proven useful to 
achieve some spectral distinction of ale and lager samples, 
no full separation of the groups had been achieved from 
their carbohydrate signals. In contrast, the additional 
information provided by 1H-13C NMR spectra permits a 
separation of both sample groups by the starch fragment 
profiles only, consistent with the much larger signal dis-
persion in the 13C spectral dimension. Starch utilization is 
a common aspect in the production of the samples uti-
lized herein. The distinction of starch-utilizing 
workstreams by 1H-13C NMR spectral signatures of homo-
oligomeric substrate fragments is encouraging for the use 
of 1H-13C NMR spectroscopy in processes involving the 
formation or degradation of polysaccharides. 
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